A healthy transition from adolescence to adulthood relies on a continuous individual adaptation to a dynamic environment. Here, we employed data driven multivariate approaches to derive both general cognitive and psychopathology factors as well as brain phenotypes in children and adolescents in the publicly available PNC sample.
Introduction
Adolescence is a highly sensitive period and a major window for adaptation and opportunities. Modulated by the temporal evolution of a range of gene-environment interactions, it also coincides with the emergence of many mental disorders 1 , which may reflect a costs of the potential for brain plasticity offered during this period.
Several lines of evidence, including (1) substantial shared genetic contribution to mental disorders, (2) high rate of psychiatric comorbidity, (3) reports of a common underlying factor across diagnostic categories, on which high-scoring individuals are more likely to have cognitive impairments as well as compromised early-life brain function, all highlight the importance of identifying brain based intermediate phenotypes that may be shared across disorders and present before the onset of disease 1,2,3 . Crucially, the myelinated axons of the brain white matter (WM) form the structural backbone that enables functional integration and adaptation of neural networks, together termed brain connectivity. There is a long-held notion of brain dysconnectivity as a transdiagnostic model for psychopathology, where aberrant brain biology and synchronization modulate the risk for mental health issues 4 . Recent demonstration of a link between a specific pattern of cross-talk between brain networks and a general positive-negative mode of population variability across a range of behavioral, demographic and lifestyle measures, supports that the level of individual adjustment can be conceptualized along a single dimension with a common brain basis 5 . Also, another recent study support the existence of a general and heritable psychopathology factor in children and youth 6 . Here we replicate and extend those findings in the Philadelphia Neurodevelopmental Cohort (PNC 7 ) , by
showing that a general cognitive and a general psychopathology factor are heritable with a shared genetic contribution, and are associated with a distinct pattern of white matter microstructure and connectivity in the developing human brain.
The microstructural and connectivity properties of the human brain WM undergo profound changes throughout childhood and adolescence, with a protracted maturation continuing well into the third decade 8, 9 , and thus play a paramount role in the development of a healthy mind. Whereas the boundaries of this maturational potential are likely regulated by genetic predispositions, experiences and environmental perturbations mediate the individual development of cognitive and mental characteristics 10 . The intricate biological processes shaping the brain connectome during neurodevelopment is highly coordinated across the brain, yet WM development in childhood and adolescence also display anatomically differentiated trajectories, suggesting regional variation in rates and timing of maturational changes 8 . Hence, when considered from a system-level perspective different brain circuits may compete for common resources, and the cognitive and clinical correlates may be modulated by the relative balance between different networks subserving distinct functions. Indeed, diffusion weighted imaging (DWI)-based indices of brain tissue organization may reflect the relative balance between differentially affected crossing fiber populations 11 . Consequently, fusion of multimodal brain imaging indices, which allows for a joint consideration of different brain characteristics, may yield more biologically interpretable patterns of brain microstructure and connectivity sensitive to the development of cognitive and mental health.
Here, and in line with the aims of the NIMH Research Domain Criteria Project (RDoc)
for mental disorders 12 , we targeted a data driven multivariate delineation of both brain and behavioral phenotypes. Scores from a diverse battery of cognitive tests and clinical questionnaires for 6,487 individuals in the PNC were decomposed to form and isolate both general and specific phenotypic traits, including general cognitive (gF) and general psychopathology (mean-ICA) factors. In addition, we investigated seven independent clinical components each reflecting empirical clustering of specific psychopathology symptoms ( Supplementary Fig. 1 ). We used Genome-wide
Complex Trait Analysis (GCTA) 13 to estimate the lower-bound heritability of the general cognitive and general psychopathology phenotypes based on variation in 
MRI Quality Assessment:
We computed temporal-signal-to-noise ratio (tSNR) for all DWI datasets using scripts and cut-off values previously described for the PNC sample 16 . Out of the 839 datasets remaining after exclusion based on medical conditions, 91 individuals (10.8%) were excluded based on a tSNR cut-off of 5.7.
Image processing: DWI data were processed using FMRIB's Diffusion Toolbox (FDT), part of FSL 5.0 17 , and included correction for motion and eddy current distortions using eddy 18 . FA, eigenvector and -value maps were computed by fitting a tensor model to the raw diffusion data and used to derive mean diffusivity (MD), radial diffusivity (RD) and mode of anisotropy (MO)-maps.
Cross fiber modeling: Estimation of the probability distribution of the diffusion directions was performed with the GPU-accelerated version of bedpostx 19 , with up to three fibers estimated per voxel.
Probabilistic fiber tracking: Whole brain probabilistic fiber tracking was performed using probtrackx2 20 . In line with a recent application in aging and dementia 21 , for each participant and from each voxel inside the native space whole brain seed mask, 100 pathways were sampled, resulting in a 3D-volume tractography-map per participant which were normalized by dividing with the total number of streamlines processed. Thus, the value in each voxel represents the likelihood that any streamline will pass through that voxel (connection density). We also performed a second probabilistic tracking analysis, sampling 5000 streamlines pr. voxel inside four ROIs in the insular region bilaterally, based on the results from the LICA.
Spatial normalization: All maps were nonlinearly transformed to the FMRIB58_FA template and skeletonized using the FDT TBSS pipeline 22 . For visualization of skeleton-based results we used tbss_fill which thickens the skeleton 6 for easier visual interpretation. Fiber orientation maps were warped and skeletonized using tbss_x 23 .
Linked independent component analysis (LICA):
We performed data-driven decomposition of imaging features into independent components using FMRIB's LICA (FLICA, http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FLICA), which models the intersubject variability across modalities 14, 24 . The model order was heuristically chosen at 20 components based on inspection of the spatial maps.
Neurocognitive test battery and gF-score: All PNC participants completed a computerized neurocognitive battery 25 . We included performance scores from 12 neurocognitive tests (Supplementary Table 2 ) spanning executive control and WM, episodic memory, verbal and non-verbal reasoning, and social cognition in a PCA. All scores were adjusted for age before entering the PCA, and the first factor was extracted as a general measure of neurocognitive performance (gF). Supplementary Fig.   2 ). The LICA components captured distinct patterns of neurodevelopment (Fig. 1A ).
Clinical measures and mean-
All components combined predicted age with high accuracy (correlation between observed and predicted age: r=.77, p<.0001; p-value obtained from non-parametric permutation testing, Supplementary Fig. 3 ). This confirms the high sensitivity of brain features for age-prediction in the PNC sample 30 , and was primarily driven by the first component, capturing spatially global variance in FA, RD and MD (LICA-01, Supplementary Fig. 4) . Strikingly, the components also allowed for significant prediction of general cognition (r=.39, p<.0001) and general psychopathology (r=.24, p=.0001). These were both strongly driven by the same component (LICA-09) of which anatomical distribution and multimodal contribution is consistent with degree of crossing fibers in fronto-temporal connections (Fig. 1B) .
Specifically, the spatial foci of LICA-09 encompassed the intersection between the uncinate fasciculus (UF) and the inferior occipito-frontal fasciculus (IFOF) 31, 32 , with negative spatial weights for FA, f1, MO and CD and positive weights for f2 and RD. While an increase in FA is often interpreted in terms of increased WM integrity, FA may also increase in crossing fiber regions if one of the fiber population is degraded, and may be inferred based on the conjunction of MO changes is the same region 11 . Further, f1 and f2 models the evidence for two underlying fiber populations and the joint multivariate pattern revealed by LICA-09 thus seems sensitive to the underlying anatomy at the intersection of two major WM pathways in this region. The robust clinical and cognitive relevance of this component was supported by significant univariate associations with a wide range of cognitive and clinical domain scores (Fig. 2) . Strikingly, associations indicated that the brain pattern in LICA-09 was less expressed in individuals with more severe general psychopathology, and more expressed in individuals with higher neuropsychological performance level. The reduction in subject weights for LICA-09 with increasing psychopathology implies a reduction of crossing fibers in the same area for individuals with increased symptom burden ( Supplementary Fig. 5 ). Although LICA-09 showed a significant negative association with age, its associations with cognitive and clinical features were relatively stable across the sampled age-range. Importantly, Supplementary Fig. 6 illustrates that the general cognitive score and psychopathology exhibited independent associations with LICA-09. This WM microstructural pattern is of particular interest with respect to mental health for several reasons: UF is among the tracts with the highest heritability 33 , it displays a protracted maturation pattern as compared to other fiber tracts 8 , and is hypothesized to subserve a limbic temporoamygdala-orbitofrontal network, critically involved in integration of emotional states with cognition and behavior 32, 34 . When investigating individual clinical ICA components, each of which express more symptom specificity compared to the general psychopathology score, similar relationships with LICA-09 subject weights ( Supplementary Fig. 7 ) was observed for anxiety and harm avoidance (IC2), antisocial and norm violating behavior (IC3) as well as for psychosis prodrome and psychotic symptoms (IC4). This confirms that the reported brain pattern is broadly associated with a range of psychopathology symptoms rather than showing specificity with a certain clinical domain. These three symptom-categories have been shown to belong to separate empirical symptom-factors, often termed internalizing, externalizing and thought-disorder symptoms, however they also load on a general psychopathology factor implying shared common risk 3 . The present results point to altered limbic temporo-amygdala-orbitofrontal pathways as a candidate for such a transdiagnostic brain phenotype in psychiatric disease. 
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Supplementary Figure 1
The weights for each of the 129 clinical questionnaire items on the seven estimated independent components. Clinical IC1 captures variance related to the attention deficit disorder (ADD) items, but also the attention item from the prodromal symptom severity scale (SIPS). IC2 encompasses items across several anxiety questionnaires, with highest weighting for social anxiety, but also agoraphobia, specific phobias and separation anxiety. IC3 is related to norm violating behaviours. Highest weights are assigned to conduct disorder items and oppositional defiance disorder, but also PTSD items related to experiences of violent behaviour. IC4 includes items from the SIPS questionnaires related to positive symptoms and delusions, as well as items on the psychosis questionnaire related to hallucinations. IC5 captures variance related to items across several clinical domains, including depression, generalized anxiety disorder, panic disorder, the negative symptoms of the SIPS questionnaire, as well as suicidal ideation. Component six (IC6) is related to mania and items capturing episodes of increased energy, reduced need for sleep, and increased speed of thought and speech. Component seven (IC7) is related to obsessive-compulsive disorder, and has the highest weights for items related to repetitive behaviours of counting, arranging and cleaning, but also to intrusive thoughts such worrying about germs/contamination. Color scale represents item loading on the independent components.
Supplementary Figure 2:
To get an estimate of the precision for the point estimate of the genetic correlation (rG) between gF and mean-ICA-scores, we employed resampling by drawing 6000 random subsamples (n=2,746) from the full sample (n=2,945), without replacement. The density plot shows the distribution of rGestimates across sub-samples. The mean genetic correlation (rG) was r=-.74, s.e.=.15 and the 99% CI was [-1, -.36], indicated by the red diamond and line, respectively.
Supplementary Figure 3:
For each of the predicted traits (Age, gF and mean-ICA) we performed 10,000 permutations to assess whether the correlation between true and predicted scores where above chance level.
Density plots represent the null-distributions, diamonds indicate the observed correlations. For Age and gF none of the permuted values exceeded the observed correlations, while the permuted p-value for mean-ICA prediction was .0001 (two-tailed). 
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